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Abstract 
      One of the approaches gaining ground in policy 
design is the implementation of combinations of policy 
measures as policy packages with the aim of 
increasing efficiency and effectiveness of the designed 
policies.  In this paper, we describe the recent 
advancements in the developments of a virtual 
environment for the exploration and analysis of policy 
packages. The virtual environment uses an agent-based 
modelling approach for the generation of different 
configurations of policy measures in the policy 
packages. The benefit of using the approach is the 
proactive and flexible generation of policy packages as 
the agents can react to the changes that occur and 
create packages that are more robust. The system 
allows faster examination of more alternatives, further 
exploration of the design space, and testing the effects 
of changes and uncertainties while formulating 
policies. The results demonstrate the benefit of using 
agent-based modelling approaches in the design of 
complex policies. 
1. Introduction  
It is generally recognised that effective policies 
consist of a combination of reinforcing policy 
measures rather than a single policy tool [1]. And so, 
to design a policy, a policy maker has to decide which
set of policy measures should be selected taking into 
account that policies are temporally, geographically 
and culturally specific.
The solution to this problem is open-ended, as 
alternative policies are not equivalent in their 
implementation costs, effectiveness and public 
acceptance.  In fact, these important characteristics are 
a function of the interactions between policy measures 
and their intrinsic properties.  The problem is further 
complicated by the fact that the solution space is very 
large, as there may be a large number of policy 
measures available for each policy goal (often above 
100), resulting in an enormous number of possible 
combinations. The formulation of policies is currently 
a manual and labour intensive task.  This paper 
introduces a systematic, proactive and flexible 
approach to the generation of policy packages and 
describes an agent-based implementation that 
embodies the approach.  The method has the potential 
to accelerate the policy formulation process and 
improve the effectiveness of the resulting policies. The 
contributions of the work presented for formulation of 
policies are: (a) consideration of a larger portion of the 
design space because of automation of parts of the 
overall tasks instead of the traditional manual 
approaches in policy making; (b) increased choice of 
alternative packages with varying pros and cons (c) 
increased likelihood of reaching a better solution 
through generation of more alternatives and use of 
representation and evaluation approaches; and (d) 
development of the equivalent of an "experimental lab" 
for policy makers to test and explore alternative policy 
packages and test the effects of changes and 
uncertainties while formulating policies.
The background information is discussed in Section 
2.  Section 3 describes the architecture,  objectives and 
conceptual framework used in the modelling approach 
and Section 4 illustrates  its implementation. The results 
achieved are presented in Section 5 and conclusions 
and future  work are described in Section 6. 
2. Background  
2.1 Policy Packaging
In this paper we adopt Pohl’s [2] definition of 
policy as “a principle or guideline for action in a 
specific context” and the task in which the components 
of a policy are selected and the overall policy is 
 formulated is defined as policy design. In the process 
of policy design the challenge faced by policy makers 
is no longer a lack of understanding about possible 
 solutions nor a lack of options to implement, instead, 
given the complexity of the problems faced, the 
challenge is how to analyze and explore a large number 
of complex options, and  arrive at the best solutions 
2014 47th Hawaii International Conference on System Science
978-1-4799-2504-9/14 $31.00 © 2014 IEEE
DOI 10.1109/HICSS.2014.118
895
Published in Proceedings of the 47th Annual Hawaii International Conference on System Sciences: 6-9 January 
2014, Waikoloa, Hawaii, pp. 895-904.
http://doi.ieeecomputersociety.org/10.1109/HICSS.2014.118
given time, geographical, budgetary and a myriad of 
other  constraints [3].
Research has shown that capturing and processing 
large amounts of information is  difficult for the human 
mind and excessive amounts of information can cause 
inertia and result in consideration of very few  options 
[4, 5]. We believe that using a systematic approach and 
having access to decision aid  tools can facilitate the 
identification of more suitable options and aid in 
addressing some of these problems. Furthermore, it is 
recognized that silver bullets do not exist in policy 
making and to ensure  successful and efficient 
attainment of the given policy objectives, a 
combination of policies needs to be implemented [6, 
7].  Givoni et al. [8] use the term ‘policy package’ for 
this combination of policy measures and define policy 
packages as “a combination of  individual policy
measures, aimed at addressing one or more policy 
goals; a package is created  in order to improve the 
impacts of the individual policy measures, minimize 
possible negative  side effects, and/or facilitate the 
interventions’ implementation and acceptability”.
Therefore, policy packaging reinforces the need for the 
consideration of the combination of a large number of 
options (eg. understanding the potential effectiveness 
and efficiency of each policy measure, and in 
combination with other policy measures within a 
policy package) which further exacerbates the 
problems faced in policy making.
Previously we have developed a six-step 
framework [9] that allows a systematic approach to the 
synthesis and configuration of policies.  Based on the 
six-step framework the Policy Measure Analysis and 
Ranking Methodology [3] was developed to enable 
quantitative comparison of the policy measures and to 
assist in their analysis and selection for implementation 
by relying on the application of network theory and 
multiple criteria decision analysis approaches. The aim 
of our approach has been to simplify the analysis 
through visualization and ranking methodologies while 
allowing the policy-makers to systematically  consider 
a large number of policy measures in dealing with a 
specific policy problem while taking into account 
additional information (e.g. relations between measures 
and implementation challenges), going beyond the 
traditionally considered information. 
The framework and methodologies developed for 
the analysis and ranking of policy measures for the 
formulation of policy packages were applied to two
case studies with domain experts exploring a much 
larger portion of the decision space than normally 
considered. The case studies aimed to reduce emissions 
from the UK transport sector (123 policy measures –
see [10]) and to promote active transportation in cities 
(38 policy measures – see [3, 21])1. 
 2.2 Policy Measure Relations  
An innovative aspect of the research was the 
definition and classification of five types of relations 
between policy measures (precondition, facilitation, 
synergy, potential contradiction and contradiction – see 
[3]). Once a library of policy measures has been 
developed, the next step is to identify these relations 
among policy measures with the goal of using them for 
assessment and/or the selection of policy measures. 
The classification of the policy measure relations is 
carried out by the domain  experts. For a network of n
nodes, the relations are stored in an n by n adjacency 
matrix where each element of the matrix represents a 
relation between the corresponding row and column 
nodes2.  In our experience using a  collective decision 
making procedure for identifying the relations is 
advantageous and is likely to  increase the robustness of 
the analysis. This is due to the fact that often complex 
relations exist between  the policy measures and clearly 
distinguishing the relation type at times can be
difficult. An iterative approach was used in order to 
identify inconsistencies and errors where at least one 
iteration was performed for the identification  of each 
type of relation  [3]3. Visualization of the policy 
measure relations serve as a final check on the integrity 
and validity of the identified  relations and also help in 
better grasping the complex relations between policy 
measures and extracting information that might have 
been disregarded.
 
3. Methodology  
3.1. Agent-Based Modelling (ABM) for Policy 
Packaging 
Agent-Based Modelling (ABM) is a computational 
methodology that enables a  researcher to create, analyze 
and experiment with models that are composed of agents 
that interact  within an environment [11]. In ABM 
complex actions of the agents and their reactions to 
1 Active transportation is the transport of people and/or goods using 
human muscle power, mainly referring to cycling and walking.
2 An  edge exists between two nodes a and b if element (a,b) of  the 
matrix is equal to 1, and there is no edge between a and b if element 
(a,b) is equal to 0.
3 In this  study, the policy measure relations are not weighted. It is 
possible to differentiate between the quality of the relation between 
policy measures using a weighted network. However, the extent to 
which a  relationship can be quantified is questionable.  Nevertheless, 
if experts are confident in the assessments of policy measure 
relations or there are models that could provide estimations, such 
information can be considered in the analysis. 
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 other agents and the environment enables the 
observation of the outcomes and system  effects of a set 
given set of parameters [12].  Observation of the system 
effects and their anticipation prior to the implementation 
of policies has the potential of increasing the chance of 
successful decision making. Furthermore, ABM systems 
are scalable and modular [13] and are well-suited for 
exploring dynamics and complex structures and their 
characteristics [14] which are all desirable features and 
relevant for the formulation of policies in complex 
socio-technical systems.  
 Virtual environments have been used for the 
analysis and improved understanding of complex 
 systems in different domains such as energy [15],
health [16], food [17], transport [18] or markets [19].
For instance, in case of markets, developing such
virtual laboratories enables testing of different 
 regulatory and market structures, e.g. the Electricity 
Markets Complex Adaptive Systems  (EMCAS) model, 
developed by Argonne National Laboratory [19].
Aside from features that are traditionally considered as 
positive features of ABM systems (see [12] and [20]), 
the ABM approach provides the flexibility to deal with 
different types of data which is useful when a large 
amount of qualitative data is present and quantification
is not possible or is questionable.
We have previously used the framework and 
methodologies in the development of an ABM decision 
support system to act as a virtual environment for the 
exploration and analysis of  different combinations of 
policy measures to build and assess policy packages. 
The agent-based approach utilized information about 
policy measure interactions along with internal 
properties of the policy measures, and user preferences 
for the analysis and formulation of policies.  
Furthermore, the ABM system facilitates carrying out 
 tests to observe the effects of changes and uncertainties 
to policy packages.   Similar to the framework and 
methodologies developed, the decision support system 
is generic in nature and has been designed with 
reusability and flexibility considerations in mind for 
 different targets, sectors and geographical scopes.
We are interested in further exploring  and tackling 
the technical complexities of policy formulation by 
using a computational framework. The focus of  this 
paper is on the enhancement of the system and 
addressing some of the limitations we had previously 
identified. Previously we had only considered a single 
type of a goal (e.g. transport emission reduction) but 
now we are considering multiple goals and the trade-offs 
between them. Moreover, we were assuming that the 
data provided to the system was based on consensus 
(which was the case in the case studies conducted 
before) but now are considering different stakeholders 
and possibility of reaching consensus among them in 
selection of policy packages from a computational 
perspective, i.e. how minimal change of weights might 
allow reaching higher level of consensus.4. These 
enhancements are particularly interesting in policy 
packaging due to the qualitative/fuzzy nature of 
problems and consequently the criteria and weights used 
in assessment. We believe these enhancements will 
further allow us to better understand and analyze data, 
and thus increase the level of ‘knowledge utilization’ in 
the policy process [22].
 3.2   Conceptual Framework  
The two main types of agents that operate in the 
system are the Policy Packer agents and the Assessor 
agents. Policy Packer agents undertake the selection of 
policy measures and create the policy packages.  
 Assessor agents evaluate the created policy packages 
based on their assessment criteria, rank the policy 
packages, select their preferred package(s), examine 
other Assessors choices, and explore if they can reach 
a consensus through negotiation, and provide real-time 
feedback to other agents and users (through a graphical 
user interface (GUI)) to help them in their decision 
 making process.  Figure 1 illustrates a conceptual 
ABM framework for the formulation of  policies. 
 3.3 System Architecture and 
Implementation Environment  
The Java programming  language [23] has been chosen 
for the development because of its characteristics  of 
platform independence, automatic memory management 
and access to an extensive  library of freely available 
code and software (which are used for data retrieval, 
visualizations, and analysis).  Analyses performed on the 
network of  relations among policy measures are 
outputted to Excel files, which are, in turn,  imported by 
the agent-based toolkit.  The agent-based toolkit used for 
the analysis is  Repast Simphony (Recursive Porous 
Agent Simulation Toolkit [24]).  Mathematica is used 
for computation [25] and to access the  discrete 
mathematics package Combinatorica [26].  The 
information acquired through user  input and 
Mathematica analysis is channeled back towards Repast 
Simphony. Figure 2 is a screenshot of the implemented 
ABM system generating and assessing alternative 
packages based on the described system architecture.
4
We acknowledge the use of agent architectures such as BDI 
and PECS [27-29] in exploring or simulating human  behavior for 
decision-making. They are relevant from a social science perspective 
but they are not the focus of this research.
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4. Application of the ABM Policy 
Packaging System 
To illustrate the benefits provided by the ABM 
system for policy packaging this section briefly 
describes the implementation of our approach on a case 
study for promotion of active transportation. The system 
uses real data and is based on extensive collaboration 
with domain experts. Section 4.1 gives an overview of 
the case study and Section 4.2  highlights the input data 
used from the case study and the initialization process. 
Section 4.3 details the policy  measure selection process 
for the creation of policy packages. Section 4.4 
illustrates the policy  package assessment and selection 
procedures and Section 4.5 details visualizations of the 
Policy Measures Policy Packers
Network generation
Package Generation 
algorithm
Assessors
Model initialiser
Package selection 
algorithm
Policy Packages
Assessor Negotiation 
Algorithm
Figure 1 Conceptual framework of the ABM system
Figure 2 Screenshot of the system generating a large number of policy packages [21].
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graphical user  interface.  Subsequently Sections 5.1 to 
5.3 further illustrate various functions of the system
 4.1 Implementation of the system in active 
transportation policy
Transport policy is often complex in nature as it 
entails addressing behavioral and technical aspects 
which are related. In order to have sustainable 
transportation, it is important to improve the balance 
between benefits and the costs of society’s mobility 
needs [30] and a major objective is to increase the level 
of active transportation (see [31] and [32]). The 
increase in level of active transportation can be 
 substantial; however, in a majority of countries the 
level of active transportation has been declining (e.g. 
DfT [33]). The “Visions of the role of walking and 
cycling in 2030” research project [34] seeks to develop 
 and evaluate alternatives to change the situation in the 
UK where active transportation represent 26% of trips 
in  urban areas in 2010 and aims to be increased to 70% 
by 2030. Following the recent consensus on policy 
packaging, the Visions project understood that a
combination of policy measures into policy packages is 
needed to support the shift from motorized to non-
motorized transportation [34].  
 4.2 Input Data and Initialization Process
Thirty-eight policy measures that promote active 
transportation constitute the core of the library of 
policy  measures used in this study (see [21] for the list 
of policy measures).  The repository  was created from 
the Visions 2030 project [34] through participation of 
domain  experts and the use of scientific literature. 
 Properties considered for the policy measures are Cost, 
Effectiveness, Timescale of Implementation,  Delay,
Timescale of Effect, Technical Complexity, Public 
Unacceptability and Institutional Complexity. Five 
types of interactions between the policy measures were 
identified (see Section 2.2) and were stored and later 
retrieved during the initialization phase of the system 
to  form network structures. 
The Repast  Simphony’s runtime agent editor 
provides a range of basic facilities that includes [24]: 
 (a) Creation, cloning and deletion of different 
types of agents during runtime.  
 (b) Provision of the lists and visualization of  
agents, their connections and properties. 
 (c) Creation, Selection and Deletion of the agents 
and change of their properties and/or links in 
different networks during runtime. 
 (d) Provision of the ability to take snapshots or 
videos of the simulation run.  
When the simulation run starts, the following 
initialization tasks are performed to create the virtual 
environment for policy packaging in the ABM system: 
 Generation of the different agents and data layers 
(policy packers, assessors, policy measures, etc.), 
and retrieval and assignment of their properties5. 
 Generation and setup of the custom graphical user 
interface. 
 Acquisition of global parameters and run specific 
data parameters for the system using data files 
and through the GUI. 
 Generation of the various networks that represent 
the complex interaction among policy measures 
and/or agents in the system and definition of the 
structural relation between different agents and 
networks in the system6. 
 
 4.3 Selection of Policy Measures
Policy Packer agents undertake the task of 
generating policy packages by selecting policy measures 
using global parameters and/or user inputs. Due to space 
limitations  we only highlight the high-level details of the 
overall decision process of the Policy Packer agents in 
each simulation run rather than providing the detailed 
algorithm for each iteration. Each Policy Packer agent 
starts with a top policy measure, which is either assigned 
randomly or selected on the basis of its performance 
calculated through a policy measure ranking 
methodology [3] based on criteria set by the user. 
Initially each Policy Packer agent analyzes the 
selected policy measure to see if it has any
precondition requirements. In case such preconditions 
exist, those policy measures are added to the package 
to ensure successful implementation.  In the next step, 
the Policy Packer agent identifies the policy measure 
 that has the highest level of positive interactions 
(synergy, facilitation, or other user set criteria) with the 
policy measures in the package. Similar to the previous 
step, before adding the selected measure to the package 
the preconditions of the policy measure under 
consideration are checked. In the case when 
precondition relations exist, the Policy Packer agent 
decides whether the new policy measure and its 
preconditions should be added to the package or not
given the package size, cost, time, contradictions with 
measures already in the package or other constraints,.
The process (with a variety of options available to the 
 user) can continue in successive iterations to expand 
the size of the packages, allowing the user  to 
5 Retrieval of the policy measure properties  and interaction data was 
carried out using the  JExcel Java library  [35].  
6 Network projections, are created using the Jung  Network/Graph 
Library  [36].
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experiment with different configurations and observe 
the effects on the performance of the  packages.    
Each policy packer agent performs an internal 
assessment and updates the properties of the policy 
package it has generated at the end of each iteration 
step based on the  policy measures it contains and the 
analysis step it is performing.  Throughout the Policy 
Packer agent’s decision process certain tasks are 
performed when a specific condition is reached. For 
instance, initially all of the  Policy Packer agents 
conduct precondition checks. Once all of the agents
 have carried out their precondition analyses then a
change of state must be triggered to allow them to 
conduct other aspects of analysis (e.g. addition of 
additional policy measures to the package or checking 
for constraints such as time, cost or contradictions).  
Moreover, this information is used by the Assessor 
agents for the comparison and selection of policy 
packages and is provided to the user through the GUI.  
The ABM system allows the utilization of user 
inputs during runtime through the Repast ABM toolkit 
GUI and the custom user panel for addition of new 
agents, confirmation of their decisions in the user 
interaction mode (see more in Section 4.5), analysis of 
the package’s content or change of different properties 
associated with packages or policy measures.  
 4.4 Assessment and Selection of Policy 
Packages
  
Assessor agents allow the consideration of multiple 
and concurrent stakeholders involved in the policy 
 formulation process that might have single or multiple 
competing goals.  Furthermore, by considering 
different stakeholders, the possibility of reaching 
consensus among them in the selection of policy 
packages can be explored from a computational 
perspective. Moreover, the stakeholders’ priorities can 
be highlighted on the ranking and development of 
policies and trade-offs between different goals.
Each Assessor agent evaluates the alternative 
policy packages based on its own criteria. This helps 
with identifying more promising packages given a 
specific set of criteria that each Assessor agent uses. 
For instance, one Assessor agent might assess the 
policy packages based on set of criteria that relate to 
package  performance (e.g. time required for 
implementation, duration of effect), difficulty of 
 implementation (e.g. public unacceptability, 
institutional complexity), or stability (e.g. level of risk 
and uncertainty involved).
The Assessor agents’ ranking is based on the 
weighted summation of the scores of the policy 
measures.  All of the criteria in each set associated with 
an Assessor agent are assigned positive  weights fixed 
to a sum of 1.0.  Criteria within each set fall into one of 
two categories: desirable or undesirable.  A criterion is 
desirable when a high 
score is considered 
 better, and is 
undesirable when a 
lower score is 
considered better (e.g. 
Cost, Institutional 
Complexity).  When a 
mix of desirable and 
undesirable criteria are 
present, all the  scores 
are transformed to 
desirable by using the 
reciprocal of the 
values associated with 
 undesirable criteria 
[37]. The resulting 
scores are normalized,
 multiplied by their 
corresponding weight 
and summed up to 
calculate the overall 
score.  
Figure 3 illustrates 
the Assessor Agent’s 
simplified iteration 
step algorithm. In each 
iteration step the 
Assessor agents find 
all of the available 
policy packages and 
retrieve their 
information. Based on 
their goals and criteria 
they rank all of the 
policy packages based 
on their scores and 
select the highest 
ranking one. If the 
negotiation feature is 
activated the agents 
will perform their negotiation subprocess as well and 
finally communicate their ranking score and selection 
choices in real-time back to the user through the GUI 
and record them in the log files. 
Figure 4 depicts the Assessor agent’s simplified 
negotiation subprocess. Once the negotiation subprocess 
is activated (after all of the Assessor agents have 
selected their initial choice), each Assessor agent will 
retrieve other Assessors’ selection choices and calculate 
how many other agents have selected a similar policy 
package as their first choice. If this number is within an 
acceptable range (e.g. more than 50% of the agents have 
Start Policy Assessors 
Step Algorithm
Find all of the available 
packages 
Rank the packages 
based on the calculated 
scores
End
Calculate 
performance/
complexity/other 
scores of the 
packages based on 
assessors criteria 
and weighs
Communicate the 
ranking scores back
Retrieve package 
information
Run assessor 
negotiation 
algorithm
Figure 3 Assessor agents’ 
simplified iteration step 
algorithm
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also chosen the same package), Assessors will keep their 
original choice and record and report back their 
selection. In case a consensus cannot be reached using 
the first choice, Assessor agents will switch to their 
second choice (and can continue to do so within an 
acceptable range, for instance changing up to choices 
that are within 15% of the original score of the first 
choice) and check whether switching their selected 
policy package resulted in higher level of consensus. In 
this case the Assessors will retain the choice and if not, 
they will revert back to their original choice.   
4.5 The Role of Visualizations and the 
Graphical User Interface 
Due to the complexity of policy packaging, it is 
important to provide visualizations of the policy 
measure networks, the created policy  packages with 
the policy measures they contain, and the performance 
of different agents with respect to the various criteria 
that Assessor agent’s use. By using the data logged at 
each iteration step we show various charts depicting 
the evolution of the properties of the policy packages 
 during the formulation process.
Providing the users the ability to conveniently 
change the assumptions and data during runtime, to 
interact with the system and to override the parameters 
as they see fit is crucial to build trust and create 
transparency when dealing with complex problems.
Therefore, the ABM system has an interactive mode in 
which agents rely on  the user input for crucial 
decisions such as deactivating a policy package or 
penalizing its score because of the presence of
contradictions within the policy measures it contains. 
Moreover, aside from the features that Repast 
Simphony provides, a custom user panel is developed 
that provides detailed information about individual 
packages and the policy measures they  contain.  
5. Results 
 5.1 An Agent-Based Virtual Environment 
for Policy Packaging
The developed virtual  environment provides the 
ability to explore and analyze different configurations 
of policy measures to form policy packages. The 
output of the virtual environment are the formulated 
policy packages and the ability to analyze their 
performance given different stakeholders views and 
assessment criteria against single or multiple goals. 
In our previous work we have showcased and /or 
developed the following features and applications and 
try to minimize their repetition here (for detailed 
explanation of these features refer to [21]): 
 Sample policy packages and their analyses: in 
figure 5 we show a sample policy package 
developed for promotion of active transportation. 
The green circle represents a policy package and 
Assessor 
negotiation 
algorithm
Don’t change 
decision, record 
to memory
End
Retrieve 
other 
Assessors 
rankings 
Count how many 
other assessors 
have picked the 
same package
Number higher 
than threshold x
yes
Report back the 
selection
Check second 
(or y) ranked 
package higher 
than threshold
No
Save current 
decision to memory 
and change 
selected package
yes
End
Report back the 
selection
No
Figure 4 Assessor Agents' simplified 
negotiation  subprocess
Figure 5 A sample Policy Package
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the  blue circles connected to it represent the policy 
measures that have been selected to build the 
 package.  The size of the green package in the 
system represents the score of the policy package 
based on the assessment criteria selected.
 In policy packaging often very few packages 
are considered and developed. The use of the system 
allows for exploration and analysis of a larger 
number of options in parallel and at no extra cost. 
 Custom user panel: A custom user panel was 
developed to provide additional information about 
policy packages and full details of the policy 
measures  within a package and their relations with 
other policy measures.
 Interactive mode: Some of the crucial 
evaluations of the agents during runtime include 
checking the policy packages cost, time required 
for implementation and the existence of 
contradictions or potential contradictions within a 
package. In the interactive mode, instead of relying 
on global parameters provided by the user, the 
system relies on the user judgment. For instance in 
the case of notifying the user, rejecting the addition 
of a policy measure to a package or penalizing the 
score of a policy package.
5.2 Policy Package Assessments 
Assessor agents assess the performance of the 
policy packages at each iteration step. Figure 6 
presents the evolution of the  scores of ten policy 
packages over five iterations based on the criteria of 
four Assessor agents. In each chart, the x-axis shows 
the iteration steps and the y-axis represent the score 
that a specific Assessor has assigned to the packages 
based on its criteria. It can be seen that, different policy 
packages will be chosen by different Assessors and in 
two instances one package has a superior performance 
to other packages (chart a and b of figure 6). We are 
currently working on the implementation of the 
negotiation algorithm that was presented in Section 4. 
In cases when the top policy packages have similar 
scores (charts c and d) the algorithm will help in 
reaching consensus and to better understand the effect 
of choices by the Assessor agents and whether a slight 
change in score, due to uncertainties in the assessment 
criteria and the qualitative nature of the answers, can 
result in reaching consensus or not. 
5.3   Real-time Feedback 
     One of the benefits of using a virtual environment 
for policy packaging is the provision of realtime 
information to the user. For instance, in figure 7 (left)
the size of the policy packages have been scaled based
on their score under the assessment criteria and 
weights used.  These weights can be changed during 
runtime.  In the next iteration step after a change of 
weights, the Assessor agents carry out the comparison 
among packages, re-evaluate their package scores and 
various visualizations are updated.  By coupling the 
ranking methodology, the selection algorithm and the 
visualization of the results, it has become possible for 
the user to observe immediately the effects of a change 
in the input parameters on the system (in this instance 
the criteria weights). Package 2 (which only contains 
one policy measure) has a similar score to package 3 
(with a much larger number of policy measures) when 
40% of the total weight is allocated to cost (favorable 
to small packages with low costs, such as package 2).
However, when cost only accounts for 20% of the total 
score, package 2 is not that attractive (figure 7 (right)).
a b 
c d 
Figure 6 Example of assessment of the different policy packages based on the following criteria: (a) 
cost (100%) (b) performance based on cost (40%), time (20%) and effectiveness (40%) (c) institutional 
complexity (50%) and level of public unacceptability (50%) (d) level of risk (100%)
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6. Conclusion and Future Work 
Our efforts have focused on enhancing a previously 
developed decision support system for the formulation 
of policy packages with the aim of addressing some of 
the policy design challenges emerging from the 
complex nature of many policy problems. We have 
proposed to use an ABM system as a virtual 
environment for the exploration and analysis of 
different policy measure configurations in order to 
formulate and assess alternative policy packages.  
Inspired by ideas that originate in engineering 
design and complexity science, we have highlighted 
the potential of an ABM system in facilitating the 
design of more effective, synergistic and reinforcing 
policies while avoiding internal contradiction within 
the policy packages. The approach combines 
techniques such as conceptual design, network 
analysis, ABM, multiple criteria decision analysis and 
negotiation and offers an interactive mode in which 
direct user input is used for critical decisions.   
The ABM policy packaging system utilizes the 
information about the interaction of policy measures 
alongside user preferences and the attributes of the 
policy measures. The approach enhances the ability of 
the policy  makers to systematically consider a large 
number of policy measures, configure and analyze 
 different policy packages in a shorter period and at a 
greater depth. It provides real-time  feedback and a 
variety of visualization options to help policy makers 
grasp the implications of their  choices, and can 
highlight the possibility of reaching consensus among 
stakeholders with different criteria and priorities in 
cases where alternative policy packages have similar 
performance.   
The results presented in this paper demonstrate the 
usefulness of adopting a systematic approach and of 
using a computational methodology to address generic 
complexities inherent in the formulation of policy 
packages. Although we have used the approach so far 
for transportation and environmental policy at national 
and metropolitan scale, the approach is relevant to 
other sectors such as energy, water, food or health and 
can have different  geographical scopes. 
The work presented in this paper has introduced a 
number of original ideas regarding the generation and 
analysis of policy packages. We plan to enhance and 
expand the system by adding the following features: 
 • Explicit consideration of geography and the integration 
with Geographical Information Systems: at present, the 
extent to which a policy measure is implemented is not 
considered although it will  affect the implementation 
complexity and level of effectiveness of the measures.
• A more detailed consideration of temporal factors: 
considering the effects of a  failure or a delay in the 
implementation of a policy measure, replacement of a 
policy measure with a  new policy measure with different 
characteristics, or failure to take account the risks and 
 uncertainties that could affect the policies is important. 
 • Exploring the use of ontologies: The use of ontologies 
[38] could be advantageous for the ABM system as it will 
provide the ability to represent concepts, their properties 
 and relations, the use abstraction, and support reasoning.  
Transition from  databases can be achieved by the 
development of ontologies for the specific domains under 
study ( transport and environmental policy in this paper).
Figure 7 Policy packages scores based on (left) default criteria weights: Cost (40%), Time (20%), and Total 
effect (40%); and (right) modified weights: Cost (20%), Time (10%), Total effect (70%).
903
7. References  
[1] E. Feitelson, “Packaging policies to address 
environmental concerns", in:  Hensher, D. A. and Button, K. 
J. (eds.) Handbook of Transport and the Environment, 
 Amsterdam: Elsevier. 757-769 , 2003
[2] C. Pohl. “From science to policy through transdisciplinary 
research”.  Environmental Science & Policy, 11(1), 46-53, 2008. 
[3] A. Taeihagh, M. Givoni and R. Bañares-Alcántara, 
“Which policy first? A network-centric approach for the 
analysis and ranking of policy measures”, Environment and 
Planning B: Planning and Design, 40(4) 595 – 616, 2013,
doi:10.1068/b38058 
[4] T.E. McKee,. “Rough sets bankruptcy prediction models 
versus auditor signalling  rates”, Journal of Forecasting 22, 
569–586, 2003. 
[5] P Jones, C. Kelly, A. May and S. Cinderby. “Innovative 
Approaches to Option  Generation”.  European Journal of 
Transport and Infrastructure Research, 9 (3): 237-258, 2009. 
 [6] A. D. May and M. Roberts. “The design of integrated 
transport strategies”.  Transport Policy, 2(2), 97-105 , 1995.
[7] D. Banister, D. Stead, P. Steen, J. Åkerman, K. Dreborg, P. 
Nijkamp, and  R. Schleicher-Tappeser. European Transport 
Policy and Sustainable Mobility,  London: Spon Press, 2000.
[8] M. Givoni, J. Macmillen, and D. Banister. “From 
individuals policies to Policy  Packaging”. Presented at the 
European Transport Conference, Oct 2010,  Glasgow, UK
[9] A. Taeihagh, R. Bañares-Alcántara, and C. Millican.  
“Development of a novel  framework for the design of 
transport policies to achieve environmental targets”, 
 Computers and Chemical Engineering, 33(10), 1531-1545, 
2009, doi:10.1016/j.compchemeng.2009.01.010 
[10] A. Taeihagh, and R. Bañares-Alcántara.  “A Case Study in 
the Application of an  Agent-Based Approach in the Formulation 
of Policies for UK Transport Emission  Reduction”, Proceedings 
of the European Conference on Complex Systems (ECCS2010), 
Lisbon, Portugal,  September 2010. 
[11] Gilbert,N., Agent-Based Models. Quantitative Applications 
in the Social Sciences, SAGE Publications: LA, 2007.
[12] North, M.J. and Macal, C.M, Managing business 
complexity: Discovering strategic solutions with agent-based 
modeling & simulation. Oxford Univ. Press, New York, 2007. 
[13] V. Lesser, “Cooperative multiagent systems: a personal 
view of the state of the art”, IEEE Transactions on 
Knowledge and Data Engineering 11(1), p.133-142, 1999. 
[14] H.V.D. Parunak, “What can agents do in industry, and 
why? An overview of industrially-oriented R&D at CEC”  M.
Klusch, G. Weiss (Eds.), Cooperative Information Agents II-
Learning, Mobility and Electronic Commerce for  Information 
Discovery on the Internet, Lecture Notes in Computers 
Science, Vol. 1435 Springer, Berlin 1998, pp. 1– 18 
[15] T. Wittmann, Agent-based models of energy investment 
decisions. Physica-Verlag HD, 2008. 
[16] R. Thomas. Agent Based Systems for Prediction and 
Prevention of Infectious diseases. 2010.
[17] L. Henane, L. Said, S. Hadouaj, and N. Ragged. “Multi-
agent based simulation of  animal food selective behavior in a 
pastoral system”. Agent and Multi-Agent Systems: 
 Technologies and Applications, p.283-292, 2010. 
[18] N. Gaud, S. Galland, F. Gechter, V. Hilaire, and A. 
Koukam. “Holonic multilevel  simulation of complex 
systems: Application to real-time pedestrians simulation in 
virtual  urban environment”. Simulation Modelling Practice 
and Theory, 16(10), p.1659-1676, 2008. 
[19] M.J. North, G. Conzelmann, V.S. Koritarov,C.M. Macal, 
P. Thimmapuram and T.D.Veselka, “E-Laboratories: Agent-
Based Modeling of Electricity Markets” Proceedings of the 
 2002 American Power Conference, Apr. 2002, Chicago.
[20] N.R. Jennings. “On agent-based software engineering”, 
Artificial Intelligence, 117, p.277- 296. 2000.
[21] A. Taeihagh, R. Bañares-Alcántara and M. Givoni, “A 
virtual environment for formulation of  policy packages”, 
Transportation Research Part A, Accepted (Forthcoming).  
[22] R. Landry, N. Amara and M. Lamari. “Climbing the 
Ladder of Research  Utilization Evidence from Social Science 
Research”. Science Communication (22): 396- 422, 2001.
[23] Java programming language, Oracle Corp. Retrieved 
15/05/2013  http://www.oracle.com/us/technologies/java
[24] M.J North, N.T. Collier, J. Ozik, E. Tatara, M. Altaweel, 
C.M. Macal, M. Bragen, and P. Sydelko, “Complex Adaptive 
Systems Modeling with Repast Simphony”, Complex Adaptive 
Systems Modeling, Springer, Heidelberg, FRG 2013.
[25] Mathematica. Wolfram Mathematica: Home page. 
Retrieved 15/5/2013  http://www.wolfram.com/mathematica/
[26] S. Pemmaraju and S.S. Skiena. Combinatorica: A system for 
exploring  combinatorics & graph theory in Mathematica, 2004.
[27] M.E. Bratman, D.J. Israel, and M.E. Pollack. “Plans and 
resource-bounded practical  reasoning”. Computational 
Intelligence.  4, p.349-355, 1998. 
[28] A.S. Rao and M.P. Georgeff. “BDI agents: From theory 
to practice”. Proceedings of the  first international conference 
on multi-agent systems, San Francisco, USA., 1995. 
[29] C. Urban. “PECS: A Reference model for the simulation 
of multi-agent systems”. In R.  Suleiman, K.G. Troitzsch and 
N. Gilbert, editors, Tools and Techniques for Social Science 
 Simulation. Physica-Verlag, Heidelberg., 2000.
[30] D. Banister. “The sustainable mobility paradigm.” 
Transport Policy, 15, p.73-80., 2008. 
[31] M.G.Boarnet.“Planning’s role in building healthy cities”. 
Journal of the American  Planning Assoc., 72(1), p.5-9, 2006. 
[32] P. Rietveld and V. Daniel. “Determinants of bicycle use: 
do municipal policies matter?”  Transportation Research Part 
A: Policy and Practice, 38, p.531-50., 2004. 
[33] DfT, Department for Transport, (2009). Transport 
Statistics Bulletin, 2008 edition. 
[34] M. Tight, D. Banister, J. Bowmaker, J. Copas, A. Day, 
D. Drinkwater, M. Givoni, A.  Guehnemann, M. Lawler, J. 
Macmillen, A. Miles, N. Moore, R. Newton, D. Ngoduy, M. 
 Ormerod, M. O’Sullivan, P. Timms, and D. Watling. 
“Visions for a walking and  cycling focussed urban transport 
system”. Journal of Transport Geography. 19(6), 2011. 
[35] A. Khan, JExcel: A Java library for reading/writing Excel, 
2004. Retrieved 15/05/2013  http://jexcelapi.sourceforge.net   
[36] J. O’Madadhain, D. Fisher, P. Smyth, S. White and Y.B. 
Boey. “Analysis and  visualisation of network data using 
JUNG”, Journal of Statistical Software, 10, 1-35 , 2005.
[37] R. Grunig and R. Kuhn. Successful Decision-Making: A 
systematic approach to  complex problems,  Springer, 2009.
[38] M. Uschold and M. Gruninger. “Ontologies: Principles, 
methods and  applications.”, Knowledge Engineering Review,
11(2), 93-136 , 1996.
904
